Abstract. For probabilistic monitoring of multimode processes, this paper introduced a monitoring scheme that integrates joint probability density and weighted probabilistic principal component analysis based on coefficient of variation (CV-WPPCA). A joint probability based on 2 statistic was constructed for mode identification. After it concentrated maximum fault-relevant information into dominant subspace by identifying and extracting important noise factors from the residual subspace, the new approach utilized a weighting strategy based on coefficient of variation method to highlight the useful information in the reconstructed dominant subspace. A case study on the Tennessee Eastman process was applied to demonstrate the efficiency of the proposed method.
Introduction
Multivariate statistical process monitoring (MSPM) has received much attention from the academe and industries. [1, 2] As the most widely-used method among the MSPM-based methods, principal component analysis (PCA) [3, 4] assumes that process variables are noiseless, deterministic and operated under single mode. However, the majority of process data obtained from complex processes always performs through a random manner because of the contamination of random noises, and they may come from different operation modes. In consideration of the randomness of process variables, probabilistic PCA (PPCA) [5] have been developed to define an appropriate probabilistic model for traditional PCA, and it successfully integrates noise information into the generative model, which makes process data description more accurate and appropriate.
However, there is no explicit mapping relationship exists between fault information and several certain probabilistic principal components (PPCs), and useful information might be scattered across different subspaces when a fault occurs. Ge and song [6] analyzed fault samples and presented a novel monitoring performance-driven IC selection method. Moreover, if all the selected PPCs are used to construct the 2 statistic with the same importance, a large amount of useless information might cover up the fault-relevant information; which makes fault detection results undesirable. Therefore, many weight strategies [7] [8] [9] are proposed to solve this problem. Jiang and Yan [10] introduced a double-weighted strategy into ICA process monitoring (DWICA) to improve the detection performance.
In this article, weighted PPCA based on coefficient of variation method (CV-WPPCA) is introduced to deal with the above mentioned shortcomings. CV-WPPCA uses normal process data to construct a conventional PPCA model, the monitoring space is categorized as dominant and residual, 2 and SPE statistics are constructed to monitor the two subspaces, accordingly. Given that all PPCs and noise factors are mutually uncorrelated, PPCA can scale the variation directly along the direction of each PPC in the dominant subspace and along the direction of each noise factor in the residual subspace, respectively. Therefore, in consideration of the compatibility of two subspaces when the PPCA model is used, identifying and extracting the fault-relevant noise factors from the residual subspace for integration into the dominant subspace are rational. This strategy concentrates as much useful information as possible into a specific subspace for further analysis.
Due to the different requirements of product quality and quantity, modern industrial process usually possesses the characteristic of multiple operating modes. Hence, monitoring methods based on single operation mode assumption may not apply to multimodal process monitoring, and constructing a multimodal model for integration into an online monitoring scheme has become a new research focus. Many related researches have been proposed. Chen and Liu [11] developed a mixture PCA model method for multimodal fault detection. Ge and song [12] employed joint probability scheme for mode identification when using the PCA-ICA model.
This study intends to improve the monitoring performance under different operating modes based on CV-WPPCA method. The remainder of this article is organized as follows. The conventional PPCA method is briefly reviewed in section 2, which is followed by the concretely demonstration of CV-WPPCA for multimode process monitoring. The proposed method is tested in a benchmark case study of the Tennessee Eastman process (TE) in section 4, and some conclusions of the study are presented in the last section.
Probabilistic Principal Component Analysis
The generative model of PPCA can be expressed as
where observed variable ∈ is regarded as a linear combination of latent variable ∈ and noise variable ∈ , ∈ × is the loading matrix, < is the number of PPCs retained. The prior distribution of the latent variable is supposed to follow a standard Gaussian distribution, and the noise variable follows a Gaussian distribution with zero mean and variance 2 , namely, ( ) = ( ∶ 0, ) and ( ) = ( ∶ 0, 2 ) . Thus, the marginal distribution of can be calculated easily as
For a given observed variable ( 1 , 2 , . . , ), the expectation maximization (EM) algorithm is utilized to determine the parameter set { , 2 } by maximizing the following likelihood function:
(3) As the parameter set of PPCA has been calculated, the corresponding monitoring scheme can be constructed accordingly.
CV-WPPCA for Multimode Process Monitoring
2 ( ) statistic, known as the 2 statistic in the direction of the ℎ PPC, is defined as
) ̅ ( ) to identify the mode to which the current sample belongs. First, the traditional PPCA model is constructed in each mode. Then, 2 ( ) statistic in each mode is converted into mode probability for mode identification, which can be calculated as
where is the ℎ operation mode, and , 2 is the 2 statistic on the ℎ mode. Considering the mutual irrelevance of all PPCs contained in dominant subspace, the probability of event ∈ can be obtained as follow
Joint probability density can demonstrate whether the sample point conform to its corresponding mode correctly. The mode of current sample can be regarded as the corresponding mode joint probability with highest value. Once we identified the mode, the next thing we should do is to monitor process on the current mode.
When a PPCA mode is constructed, maximum fault-relevant information is supposed to be assembled into the dominant subspace. In fact, some fault-relevant information that cannot be ignored may be dispersed on the residual subspace.
( ) is defined to measure the variation along the direction of each noise factor, where = 1,2, … , is the number of noise factors. The ( ) statistic can be constructed as:
The control limit of this statistic can be calculated by the 2 distribution with one dimension of freedom. If the quantitative value of ( ) statistic is above control limit during online monitoring, the ℎ direction will generate significant variation when a fault occurs. This strategy concentrates as much fault-relevant information as possible into dominant subspace.
The idea of WPPCA focuses on estimating the degree of importance of each new PPCs online and setting different weighting value on every new PPC so as to highlight the useful information. We define a weighting matrix = ( 1 , 2 , … , ), where is the number of new PPCs contained in the reconstructed dominant subspace. The weighted statistic 2 can be calculated as:
where 1 is the number of PPCs and 2 is the number of selected noise factors.
As an objective weighting assignment method, the coefficient of variation is proposed in this work to determine weighting matrix . It eliminates the influence of new PPCs with different dimensions and measures variation degree of each new PPC. Given the new statistic matrix 2 ( ) = [ 2 ( ), ( )], the variation coefficient and the weighting value of each new PPC can be obtained through Eq. 8 and Eq. 9.
where and ̅ denotes the standard deviation and mean value of ℎ new PPC, respectively. Remarkably, the threshold of the 2 statistic no longer follows a particular distribution. Kernel density estimation (KDE) [13] is introduced to determine the new confidence limit.
Benchmark Case Study of TE Process
TE process introduced by Downs and Vogel [14] is regarded as a benchmark for the simulation of chemical production processes, which has been widely applied to estimate the monitoring performance of various corresponding methods. In this study, 31 variables are selected for monitoring purposes. Four typical cases, which are listed in Table 1 , are introduced to evaluate multimode monitoring performance of CV-WPPCA. The number of PPCs is determined by the variance explanation ratio [15] and the confidence level α is set as 0.99.
In Case 1, the normal operating conditions of different models are utilized to evaluate mode identification and to determine whether the proposed method is effective for fault detection. The joint probabilities of the modes are shown in Figure 1a , which illustrates that the process runs on correct modes. The monitoring performances of both two methods are shown in Fig. 1b , the false alarm rate of PPCA and CV-WPPCA can be accepted in realistic applications.
The monitoring results of two methods for fault 10 and fault 11 are illustrated in Figure 2a and Fig. 2b , respectively. It shows that compared to traditional PPCA, the misdetection rate of CV-WPPCA method is obviously decreases by highlighting the fault-relevant information.
The missed detection rates of traditional PPCA, DWICA [10] and CV-WPPCA for all predetermined faults under the three modes are presented in Table 2 . The comparison indicates that the proposed CV-WPPCA performs most effectively and significantly reduces the missed detection rates for most of the faults when the process runs on different operating modes. 
Conclusions
In this study, joint probability density is introduced for mode identification and CV-WPPCA is proposed to improve the monitoring performance of PPCA method under different operating modes. CV-WPPCA method aims to concentrate as much fault-relevant information as possible into dominant subspace. The weighting strategy based on the coefficient of variation method is proposed to highlight the useful information. The effectiveness of the proposed scheme in monitoring multimode process is validated by applying it in the TE benchmark process.
